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In recent years dental image processing has become a useful tool in aiding healthcare
professionals diagnose patients by reducing some of the problems inherent with dental
radiographs. Despite advances in the field, accurate diagnoses of dental caries using
Comptuer-aided Diagnosis (CAD) tools are still problematic due to the non-uniform
nature of dental X-rays. The reason as to why accurate diagnoses are problematic is
in part due to exisiting systems utilizing a supervised learning model for their diagnos-
tic algorithms. Using this approach results in a detection system which is trained to
identify caries under specific conditions. When the input images vary greatly from the
training set, these systems have a tendency to misdiagnose patients or miss possible
caries altogether.
A method for the segmentation of teeth in periapical X-Rays is presented in this disserta-
tion as well as a method for the detection of caries across a variety of non-uniform X-ray
images using an unsupervised learning model. The diagnostic method proposed in this
dissertation uses an assessment protocol similar to how dentists evaluate the presence
of caries. Using this assessment protocol results in caries being evaluated relative to the
image itself and not evaluated relative to a set of identifiers obtained from a learning
model. The viability of an unsupervised learning model, and its relative effectiveness
of accurately diagnosing dental caries when compared to current systems, is indicated
by the results detailed in this dissertation. The proposed model achieved a 96% correct
diagnostic which proved competitive with existing models.
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Dental caries are one of the most prevalent diseases present in modern society, with
approximately 36% of the world’s population showing symptoms of caries [2]. In the past,
developing countries were considered to be less at risk due to their lower consumption
of sugary foods. Africa in particular had a 19% lower rate of infection compared to the
world average, whilst the American and European regions had a 14% and 10% higher
infection rate respectively when compared to the average [3]. Despite this previously
low infection rate, changing living conditions have increased the rate of tooth decay in
African countries thus worsening the already prevalent disease. In order to keep the
disease under control it is important to treat it during its early stages, before advanced
tooth decay occurs.
Dental caries, also known as cavities, refers to the bacterial breakdown of the hard
tissues of the tooth [4]. The occurrence of caries is the result of dental plaque forming
bacteria releasing acid in the presence of fermentable carbohydrates. Glucose, fructose
and sucrose produce this reaction [5] thus a diet high in simple sugars accelerates this
process. The acid released during this process causes de-mineralization of the surface of
the tooth. Dental caries occur when the rate of mineral build up is less than the rate
of decay. Dental caries are typically categorized using Greene Vardiman (G. V.) Black
Caries Classification [6]. This protocol categorizes the carious lesion based on the tooth
affected, as well as the location of the lesion. These different categories are defined as
follows:
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• Class I Refers to caries on the occlusal surfaces of posterior teeth, buccal or lingual
pits on molars or lingual pit near cingulum of maxillary incisors
• Class II Refers to caries on the proximal surfaces of posterior teeth
• Class III Refers to caries on the interproximal surfaces of anterior teeth without
incisal edge involvement
• Class IV Refers to caries on the interproximal surfaces of anterior teeth with
incisal edge involvement
• Class V Refers to caries on the cervical third of the facial or lingual surface of
the tooth
• Class VI Refers to caries on the incisal or occlusal edge worn away due to attrition
In addition to this positional classification, caries are further categorized based on the
severity of their progress. This is based on the amount of enamel and dentin which has
been affected by the caries lesion [7]. Incipient lesions are those which have a depth of
less than half the enamel. Moderate lesions penetrate more than halfway through the
enamel but do not affect the dentin. Advanced lesions either extend to the dentin region
or penetrate it but do not extend more than halfway through. In severe caries lesions,
the lesion extends more than halfway through the dentin region and may even reach the
pulp of the tooth.
Caries falling under classes I, IV and VI can be identified during a clinical inspection
as they lie on regions of the tooth which are visible to the naked eye. Caries which are
categorized into classes II, III and V fall on the surfaces between teeth and as a result
can only be viewed by X-rays.
The discovery of the X-ray allowed for great advancements in the field of dentistry. Prior
to its introduction to the medical field, diagnoses could only be made from a visual
inspection of a patient’s teeth. With the use of X-rays, oral healthcare professionals
were able to view previously unobservable regions thus allowing them to detect caries
which would have gone untreated until visible decay was present [8]. The ability to
diagnose dental caries in this manner proved to be greatly beneficial and is still used to
this day.
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Depending on the form of treatment that is required, varying degrees of information
are needed. To accommodate this, there are three types of X-rays commonly used to
diagnose dental health [9].
• Bitewing X-rays are used to obtain crown images of the back teeth. These
images show the upper and lower molars as well as the bicuspids. These X-rays
are used to detect if decay is present between the back teeth and also indicate if
there is a problem with tooth alignment.
• Periapical X-rays only display one or two teeth in a single image. Similarly to
bitewing X-rays, periapical X-rays also show the crown of the tooth, however they
extend the entire length of the tooth revealing the condition below the gum line.
These X-rays are used to detect tooth decay as well as other problems below the
gum line such as impacted teeth, abscesses, cysts and tumours. They also display
information relating to tooth bone height and root tips.
• Panoramic X-rays give a complete view of the dental region, displaying all upper
and lower teeth as well as the sinuses and jaw joints. Unlike the previous two types
of X-rays, panoramic X-rays require a specialized machine in order to pan the X-
ray emitting tube around the back of the patient’s head in order to capture the
whole image on a single film. This type of X-ray has the same diagnostic capability
as a periapical X-ray and as such is used to identify abscesses, cysts, caries, tumors
or any irregularities with the structure of the jaw region itself.
Dental X-rays are typically noisy and low in contrast due to the low dosage rates in the
capture process [10]. These low dosage rates can also affect the visibility of caries due
to the X-rays not fully penetrating the teeth. Low dosage rates are used to ensure the
health of the patient [11]. Whilst it is important to adhere to these low dosage rates,
it does lead to the necessity of image enhancement techniques in order to maintain
diagnostic accuracy by enhancing the contrast of the image and reducing the overall
noise levels [12].
In recent years image processing has become an invaluable tool in the medical field.
Computer-Aided Diagnosis (CAD) systems have become a vital tool in medical radi-
ology, being used extensively in the diagnosis of lung nodules and breast cancer [13].
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Figure 1.1: A flow diagram of a generic CAD System
Research into the use of CAD systems for caries diagnosis has shown that correct caries
identification rates improve when compared to non-assisted assessments. Figure 1.1
outlines the generic CAD system used for bio-medical diagnostics as described by [14].
The process begins with the preprocessing of input images which includes image en-
hancement and segmentation. The next stage is the detection of possibe candidates
which, for the purpose of this dissertation, will refer to caries lesions. Following the
detection of possible caries, the CAD system attempts to reduce the presence of false
positives detected from the previous stage. Finally the system classifies the lesions using
a diagnostic algorithm.
Due to CAD systems offering an increased detection rate of caries in affected patients,
healthcare professionals have started to adopt them as part of the diagnostic process.
Despite the recorded benefit of using these systems, the adoption rate has been sluggish,
mostly due to existing systems needing to be used in tandem in order to make up for
their individual shortcomings [15].
1.1 Motivation
The goal of this research work is to obtain a method for caries identification that uses
an unsupervised learning model. Current models dealing with dental X-rays predomi-
nately focus on tooth segmentation, identification of individuals through dental profile
matching, or the identification of caries using a supervised learning model. In the case
of the latter, feature extraction is done for the purpose of comparing the results against
a database of previously extracted features. An assessment is then made based on the
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suspected caries’ similarity to previously encountered caries. By combining existing
methods and adapting them accordingly it is possible to develop a new analytical model
which is able to process X-rays without a comparative database. The combination of
these methods leads towards a novel caries detection approach with a diagnostic poten-
tial that is not influenced by the conditions unique to the learning set.
1.2 Problem Statement
There is limited research with respect to caries identification in literature. Existing
methods all follow a similar protocol of boundary detection using active contours followed
by feature extraction along said boundary. In the case of supervised learning models,
the statistical, region based, border and region texture [16] are collected and compared
against existing data. If any similarities are detected in this comparison the tooth is
flagged for caries. As a result, supervised learning models have high sensitivity (few
false negatives) and low specificity (many false positives) [17][18].
An unsupervised learning model uses an image analysis approach to diagnose the pres-
ence of dental caries. An assessment of the area surrounding a potential caries region
is done to determine if caries are present. This model has the advantage of faster di-
agnostic rates as it does not need to iterate through an entire database in order to
obtain a diagnosis. In addition, it has the added advantage of reducing the rate of false
positives, as supervised assessment models make positive predictions if only a portion
of caries hallmarks are present. This leads to false positives if the analyzed image has
characteristics similar to caries in the training set which do not represent caries in the
new image.
1.3 Research Objectives
The primary objective of this research is to model a framework for a novel caries iden-
tification method using an unsupervised learning approach. This proposed framework
uses the analytical techniques utilized by dental healthcare professionals when assessing
the presence of dental caries, with the image enhancement techniques used by current
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systems prior to feature extraction. A segmentation model which preserves the bound-
ary details of each tooth is also required in order to obtain accurate results. The overall
goal of this dissertation is to ensure the model proposed is of comparative or better
diagnostic ability to those already implemented. The specific objectives which must be
met break down as follows:
• To accurately segment teeth in dental X-rays using different segmentation methods
• To model an unsupervised framework for caries identification
1.4 Contributions of the Dissertation
The main contributions of this research are the proposal of a novel segmentation method
and a novel caries detection method based on image analysis protocols. These contribu-
tions are described as follows:
• A segmentation method using rotational and probabilistic acceptance:
The segmentation method determines the line of best separation by utilizing a
weighted algorithm of the two algorithms. Traditional segmentation methods de-
termine if a line is the best candidate for separation by using only one of the
acceptance algorithms. Rotational acceptance is implemented when the image
only contains tooth structures and the best line can be equated to the one which
hits the least number of points. The probabilistic acceptance algorithm is used
when the tooth distribution is predictable and the position of the next tooth gap
can be determined from the position of the previous one. In situations where nei-
ther of these cases are present, existing acceptance protocols lead to incorrectly
segmented images. By using a weighted combination of the two algorithms, which
are adapted to provide accurate results in all X-ray types, X-ray images can be
accurately segmented whilst preserving details crucial to caries detection.
• A caries detection framework based on image analysis protocols: The
caries detection framework is applied to the images obtained from the application
of the segmentation method. The proposed method involves three steps for deter-
mining the caries region and diagnosing it. The boundary detection step adapts
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the work of Oliveira [16] who required boundary details for a supervised learning
approach. It utilizes top and bottom hat transformations to remove unwanted
structures and assist with active contours. The second step involves the detection
of potential caries regions by first using a blob detector to generate a rough re-
gion of interest, and then applying a connectivity clustering model to isolate the
potential caries location. Finally, the last step uses sobel operators and gradient
analysis to determine if the region of interest does contain caries.
1.5 Organization of the Dissertation
The remainder of the dissertation is organized as follows:
• Chapter 2 - Background and Related Work The first part of this chapter
looks at teeth and how practical identification of caries takes place. The remainder
of the chapter looks at existing research in the field of dental X-Rays.
• Chapter 3 - Teeth Segmentation This chapter covers the first stage of the
caries identification method and mostly covers how existing methods are adapted
to best suit this dissertation. The first part of this chapter looks at image en-
hancement techniques used to optimize segmentation. The second part of this
chapter looks at thresholding techniques used to isolate the teeth in the X-rays
from their background pixels. The final part of this chapter looks at the integral
projection method used as well as the selection algorithms used to obtain the best
segmentation lines.
• Chapter 4 - Tooth Boundary Detection This chapter covers the second stage
of the caries identification method. This chapter covers the use of top and bottom
hat transformations in order to enhance image contrast, the use of active contours
to obtain the edge boundary of each tooth and looks at two different methods to
isolate the search space for caries detection.
• Chapter 5 - Dental Caries Detection This chapter covers the final stage of the
caries identification method. The details of the methods used to isolate potential
caries and evaluate their validity are looked at.
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• Chapter 6 - Results and Discussion This chapter covers the results of the var-
ious methods implemented in the previous chapters as well as a detailed overview
of the dataset used for testing.
• Chapter 7 - Conclusion and Future Work This chapter concludes the disser-
tation and discusses future work.
Chapter 2
Background and Related Work
2.1 Introduction
This research work focuses on the identification of caries in dental X-rays through a
non-supervised learning model. This problem is unique as the majority of diagnostic
algorithms do not implement image analysis as a means of diagnosis, rather opting to use
a comparative assessment model to compare the similarities of potential caries regions
to those previously encountered. Using these algorithms results in either high false
positive or false negative rates depending on the system’s inability to handle deviation
from the source data. In order to achieve a more reliable analysis model, an image
analysis approach is proposed. In this chapter, the anatomy of the tooth is introduced,
current work regarding image enhancement and tooth segmentation is discussed and the
various methods with which caries are isolated for analysis are presented.
2.2 Anatomy of a tooth
The tooth is a small whitish structure found in the jaw of humans and other animals.
The number of teeth present ranges from 20 primary (milk) teeth in children to 28-32
permanent teeth in adults [19]. The variance is due to the mandibular third molars
(wisdom teeth) which may not form in some of the population and in some cases where
formation does occur, may not erupt from the gum line.
9
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The tooth is broken down into three main regions, the crown, which is the only part of
the tooth visible above the gum line, the neck, which connects the crown region to the
root, and the root, the part of the tooth that sits inside the bone socket [20].
Each tooth is composed primarily of hard tissues which protect the soft tissue in the
centre. The outermost layer of the tooth is made of enamel which is the hardest tissue in
the human body. Beneath this layer is the dentin which acts as a secondary defense. If
caries are able to penetrate the enamel and reach this region the rate of decay increases
as the dentin is softer thus resulting in faster decay [21]. At the centre of the tooth is
the dental pulp which houses the nerve tissue and blood vessels for the tooth. Figure
2.1 shows in detail the cross-section of a tooth as described.
Figure 2.1: Anatomy of a tooth showing cross section of a molar tooth with gum and
jawbone [1].
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2.3 Dental Radiography for Caries Detection
Oral healthcare professionals have a variety of diagnostic methods at their disposal which
they can use to diagnose dental caries in patients. In the past dentists used a dental
explorer to probe the surface of a patient’s teeth in order to determine whether caries
were present. This practise has since died down due to the high misdiagnosis rate and
the potential to aggravate early stages of decay [22]. Fluorescent methods, whereby
a fluorescent light or laser is used to illuminate a tooth, have proven to have a higher
diagnostic accuracy when detecting proximal caries [23]. For inter proximal caries, X-ray
based imaging still proves to be the most effective diagnostic tool available [23].
X-rays penetrate the teeth at varying degrees, based on anatomical density. Fillings
and teeth appear white to pale gray in X-rays as less radiation is able to penetrate,
whilst areas with dental caries appear a darker shade of gray due to their impact on the
surrounding bone structure. Gaps between teeth appear near black when correct X-ray
standards are followed. Dental caries appear as darker regions along the boundary of
the tooth, with severe infections penetrating deeper into the enamel and dentin.
2.4 Related Work
2.4.1 CAD Systems
In a study conducted by Tracy et al. [24], when presented with a collection of ra-
diographs consisting of both restored and non-restored surfaces, dentists were able to
correctly identify 30% of the caries present in the images. When presented with en-
hanced images the diagnosis rate increased to 39%. With the aid of CAD systems the
success rate increased to 69%. Dykstra [25] noted similar findings were obtained from a
study conducted at the University of California School of Dentistry, where the misdiag-
nosis rate of caries when they were present was 40%. Furthermore, healthy teeth were
incorrectly diagnosed as having caries 20% of the time.
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2.4.2 Enhancement Techniques
Current diagnostic methods initially segment dental X-rays into individual teeth in or-
der to better judge if caries are present. A segmentation method is used to identify
gaps between the teeth. Unfortunately this is sometimes problematic as X-rays can
be noisy, have varying image quality or have artifacts present from the X-ray process.
Research conducted by Ahmad et al. [12] tested four image enhancement techniques,
namely adaptive histogram equalization (AHE), contrast adaptive histogram equaliza-
tion (CLAHE), median adaptive histogram equalization (MAHE) and sharp contrast
adaptive histogram equalization (SCLAHE). Their results concluded that using any of
the processing techniques led to an improvement in image quality thus improving the
correct diagnostic rates of caries in X-ray images with CLAHE and SCLAHE having
the slight edge with respect to visual assessment whilst MAHE and AHE yielded better
results on the contrast improvement index thus being better from a computer vision
standpoint as described by Yoon et al. [26]. Bharathi et al. [27] considered the effec-
tiveness of median, finite impulse response (FIR) and Gaussian filters in order to reduce
noise levels in X-rays. Although their sample data represented extremes with respect to
noisy data, they concluded a median filter obtained the best results.
2.4.3 Segmentation Methods
Both segmentation and feature extraction are vital stages required for caries detection.
Unfortunately the majority of segmentation research focuses on tooth segmentation
for the purposes of human identification and as a result, features required for caries
detection are lost in favour of preserving crown shape in order to match teeth. Most
segmentation methods converge to the use of integral projection in order to separate
the individual teeth, however there are several approaches which can be implemented
to optimize the integral projection results. Rad et al. [28] compiled an evaluation of
various segmentation methods used when separating dental radiographs.
The first method discussed in their evaluation was segmentation using thresholding.
This method was initially proposed by Nomir et al. [29] for use in dental imaging after
adapting the works of Hu et al. [30]. The initial implementation of this method was
for use in the automatic segmentation of CT lung images. This method was adapted
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for use with dental images as it accounted for the differences in contrast in Comput-
erized Tomography (CT) images across multiple patients. A mask of the initial image
is obtained by performing an iterative and adaptive threshold. Integral projection is
performed on this mask based on the assumption that most, if not all, of the non teeth
related pixels have been removed. It was concluded that this method was extremely fast
and yielded positive results, however it was negatively impacted by noisy images and
X-ray artifacts, thus requiring pre-processing to be done. If the images allow for this
method it proves highly effective, as in a later collaboration Nomir et al. [31] was able
to use this segmentation method for human identification. Lin et al. [32] also used an
adaptation of the method presented in Ref. [29] for use in human identification.
Several variants of this method have been proposed with most of the variation occurring
in the acceptance criteria of the segmentation lines. Jain et al. [33] used integral
projection for both vertical and horizontal separation of bitewing X-ray images thus
resulting in the segmentation of X-rays into upper and lower jaw regions followed by the
separation into individual teeth. A probability model defined by
pvi(Di; yi) = pvi(Di)pvi(yi) (2.1)
Where pvi (Di) is calculated by the integral projection of a given line subtracted from 1
all multiplied by a constant normalizing factor and pvi(yi) is a Gaussian whose value is
determined by the position of the previous segmentation line.
This was further developed by Frejlichowski and Wanat [34] with the primary focus of
their research being on the development of a segmentation method for panoramic X-rays.
Their method used a Bayesian probability formula, using the estimated width of the
tooth as a guideline to determine the position of separation lines for tooth segmentation.
Segmentation through active contours was proposed by Zhou et al. [35] as a means to
mitigate these problems and enhance results. Active contours are also used by Oliveira
[16] after the segmentation process in order to obtain the boundary of individual teeth.
Using the snake method developed by Kaas [36], an energy minimizing spline, which
is guided by external forces and influenced by image forces, pulls towards an image’s
Chapter 2. Background and Related Work 14
contours. The snake method regards the spline as if it were an elastic band thus the
model aims to reach a minimum energy state. The formula to depict this is
Esnake =
∫
(α(s)Econtinuous + β(s)Ecurvature + γ(s)Eimage)ds (2.2)
Where α, β and γ are user defined constants that control the ability of the snake to
change size, adhere to edges and its attraction to edges respectively. Econtinuous and
Ecurvature represent the internal energy forces of the snake, forcing the snake to be a
single contour and maintaining the degree of curvature it is permitted. Eimage represents
the external energy force of the snake’s attraction to the image edges.
This method handles segmentation and boundary detection simultaneously at no added
processing cost [37] and is not adversely affected by noise. Despite these benefits, Ref.
[28] concluded its tendency to adhere to strong image contrasts proved problematic for
medical image segmentation. It is possible to perform active contours without edges as
was demonstrated by Oliveira and Shah et al. [38], however when compared to other
segmentation methods there was a distinct drop in the accuracy of the results.
Rad et al. [39] also proposed the use of k-means clustering as a means to achieve
tooth segmentation. Teeth in the X-ray images are represented as clusters due to their
paler intensity compared to surrounding tissue. The gaps between the clusters are
equivalent to the gaps between teeth allowing integral projection to take place. Textural
features along the cluster’s contour were stored using a gray-level co-occurrence matrix.
Unfortunately this method is affected harshly by noise and may create multiple clusters
for a single tooth as a result.
2.4.4 Caries Detection Methods
The actual caries diagnosis relies heavily on assessing image properties along the bound-
ary of each tooth. There have been several different approaches to how this is done
which results in a divergence of analytical methods. Solanki et al. [40] used an unsuper-
vised learning approach where they analyzed the shape contour of each tooth. This was
achieved by converting X-ray images into binary images obtained from applying top-hat
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and bottom-hat filters to the initial X-ray and then applying a threshold. This process
removed any dark regions along the boundary of the tooth which could have been caries
areas. The shape of the tooth was then analyzed, flagging any areas where indentations
along the contour of the tooth were present as caries markers. This method is effective
in images with advanced caries where the distinction between tooth enamel and cavity
is obvious, but fails to detect caries in the early stages of development.
Oprea et al. [41] proposed a binary threshold be applied on a high contrast image. A
subsequent rule check was performed to determine if any black pixel groups occurred
within the tooth or along its boundary and flagged these as caries.
Oliveira [16] made use of a supervised learning approach and developed a set of classifiers
for caries detection. Statistical, region based, textural and boundary features were
obtained by using an active contour method to isolate the boundary of each tooth after
segmentation. This data was then obtained by a co-occurence matrix and compared
against the classifiers which were obtained from a learning set where the presence of
caries was known. Similarities between the test image and the classifiers resulted in a
positive caries diagnosis.
Finally, Zhang et al. [42] used a blob detection method to isolate potential dental caries
for 3-D rendering and assessment. This provided them with a good isolation of the caries
from the affected tooth however it was sensitive to noise.
Typically k-means and c-means clustering algorithms are used when data is grouped in
X-ray images [43], which would be the case when caries regions are defined. Fischer et
al. [44] proposed that the use of a connectivity kernel resulted in a far lower error rate
compared to these two methods. Their method involved introducing a transformation
during the pre-processing stage in order to convert separate, elongated structures, into
a single compact one. This was done by creating a bridge between the clusters in order
to apply a connectivity kernel. Their method classified clusters correctly with an error
rate of 1.5% compared to the 30.6% error rate that was present for k-means clustering
method.
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2.5 Conclusion
Compared to the amount of research available with regards to image segmentation,
relatively little has been explored with regards to caries diagnosis. Despite this, it
is important to establish a successful segmentation method in order to maximize the
potential for success later on. Several successful methods have been discussed, with the
advantages and disadvantages noted. The key in selecting the correct method lies in the
dataset which is analyzed.
Depending on which method is implemented, it is also important to note that an image
enhancement technique may need to be implemented. In this section several cleanup
methods were proposed with all of them obtaining similar outcomes. The choice of which
one is used falls to processing time when compounded with the other methods which
need to be implemented.
Finally, the process of isolating the caries regions was discussed. Once again, several
methods were proposed, with the two major approaches being to either analyze the shape
of the teeth to determine if caries are present, or to determine if there are any darker
regions present which could indicate the presence of caries. Although both approaches
are subject to interference from noise, they provide a means of obtaining the regions of
interest.
The following chapters describe a caries diagnosis framework which implements and
adapts the best methods described in this chapter. The proposed framework provides a
new explores a new approach to caries diagnosis using image processing techniques and
offers some insight into new techniques.
The next chapter details the first stages of the diagnostic method, namely the steps




The segmentation of dental X-rays into individual teeth is the most important step of
any method which involves dental analysis algorithms [45]. If the teeth are correctly
separated the subsequent stages are far more likely to yield correct results. The main
difficulty is deciding on the correct method from those discussed previously. Important
factors to take into consideration when deciding on a segmentation method include the
noise levels of the images, as well as the presence of X-ray artifacts. In addition, the
presence of fillings in the teeth means that there are abnormalities in the X-rays that
would affect all of the proposed segmentation methods.
Taking these factors into account, the threshold method is implemented. This is due to
the low noise levels of the dataset being analyzed, as well as the various artifacts and
abnormalities that are present. This method is used as the pre-processing requirements
are minimal whilst a strong segmentation method is implemented. In this chapter the
adapted segmentation method is presented as well as the pre-processing steps involved
to maximise its efficiency.
The pre-processing techniques used are covered in Section 3.2. An adaptation of the
thresholding method described in [29] is discussed in 3.3 including the experimental re-
sults obtained while attempting to adopt this method. Finally the method implemented
to obtain the best separation lines is discussed in Section 3.4.
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3.2 Pre-Processing
In order to optimize the diagnostic rate of the method discussed in this dissertation, it
is crucial that the quality of the X-ray images being processed is optimized. In order to
achieve this, image enhancement techniques are used to remove noise and improve the
quality of the image. Before the image can be enhanced it first needs to be cleaned to
remove any abnormalities which can arise from the radiograph process.
3.2.1 Image Cleanup
The iterative and adaptive thresholding techniques applied to the dental images require
that only pixels relating to teeth, gums, jawbones and the background are present. In
order to isolate these pixels, each image has a cleanup filter applied which removes
any anomalies from the image. This is primarily related to the detection and removal
of Position-Indicating device (PID) alignment artifacts which are defined later in the
dissertation. The reference information generated at the bottom of each image by the
dental X-ray software was also removed. The purpose of this reference information was
to provide healthcare professionals with details relating to the radiograph they were
viewing, however it served no purpose for computer vision techniques.
Figure 3.2 demonstrates the effect of the cleanup process on an image with both the
reference information bar and PID alignment artifact present.
(a) (b)
Figure 3.1: An example of the image cleanup process. (a) shows the original image.
(b) shows the image after artifact and reference information bar removal
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3.2.2 Image Enhancement
Once all non-organic structures barring dental fillings have been removed it is possible to
balance the image contrast. In order to preserve feature detail, noise reduction obtained
from blur filters was avoided. Utilizing the noise reduction techniques discussed in [26]
and the enhancement techniques covered in [12], a median filter was initially applied to
the image followed by a histogram equalization. The effects of this process can be seen
in Figure 3.2. This also assisted in the impact of under- and overexposed images.
(a) (b)
(c)
Figure 3.2: An example of the image enhancement process. (a) shows the original
image. (b) shows the image after the median filter and histogram equalization have
been applied. (c) shows the effects of the histogram equalization process
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3.3 Thresholding
3.3.1 Iterative Thresholding
Using the model proposed in [29] as the basis for the thresholding implementation, a
canny edge detector was used to obtain the general outline of the teeth in the X-ray
image. A morphological dilation was then applied to these edges in order to obtain
the pixels in the area assumed to be the tooth boundary. Approximately half of the
pixels obtained this way will correspond to the teeth and the other half will be of the
jaw bone and other background objects. The initial threshold value was calculated
from the average pixel value of the assumed teeth pixels and the background pixels and
subsequent thresholds were calculated as follows:
µiD =
∑














Where f(i, j) is the grayscale value of a pixel at point (i, j), µiD and µ
i
D are the mean
grayscale values for their respective regions and Ti is the threshold value for the whole
image calculated from the average values of the background and teeth pixels.
This step was repeated until the iterative threshold value did not change in subsequent
re-evaluations or until a hard limit was reached. It was determined in Ref. [29] that
convergence occurred within four to ten iterations for their set of images. Convergence
occurred within seven to fifteen iterations for the images used in this dissertation, so a
maximum iteration limit of fifteen was used. As it appears that the number of iterations
is dependent on image size, a larger value could be used as a hard limit based on the
size of the images being processed.
Once a final value has been obtained for the iterative thresholding stage a mask of the X-
ray was produced by isolating all teeth pixels whose grayscale value equaled or exceeded
the iterative value.
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3.3.2 Adaptive Thresholding
Whilst the iterative thresholding process could be implemented without changes, the
adaptive thresholding proposed in [29] did not work for the dataset used in this disserta-
tion. Following standard adaptive threshold implementation, a pixel undergoes thresh-
olding if, with it being the centre pixel of a window of size I x J pixels, its grayscale
value is less than the mean value of all non-zero pixels within the window. The formula
for this is thus





f(i+ s, j + t)
#nonzero pixels
(3.4)
Even with histogram equalization being performed prior to the thresholding phase stage,
the remaining background pixels fell within the allowed variance of the teeth pixels.
Furthermore, some of the teeth pixels appeared darker than the background pixels due
to cavities and the removal of these regions would negatively impact the diagnostic
algorithm later. A straight implementation of [29], whereby a training set of images was
used to determine a global threshold for all masks resulted in too many of the background
pixels remaining in the mask. Conversely, if only the pixels within the image were used
to establish the threshold, much of the necessary mask was lost. Figure 3.3 demonstrates
these two extremes.
In order to obtain a threshold value which correctly removed as much of the non-teeth
pixels as possible a hybrid approach was used. A global threshold was determined
by applying the adaptive threshold to the mask images of 40 images. The average of
these thresholds was used to establish the global threshold value. The same process
was applied to each image when it was undergoing thresholding to obtain its personal
threshold. A final threshold value was obtained from the weighted sum of these two
values where the distribution of the pixel intensity affected the weights. The initial
weight for each threshold was set to 0.5 on the basis that the global threshold represented
the average intensity trend for the dataset and that the personal threshold corrected any
slight deviations. If there was a discrepancy between the two values, such that a 10%
deviation or greater was present, the following rule was applied:
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(a) (b)
(c) (d)
Figure 3.3: An example showing the results of the different approaches used to obtain
a global mask threshold from adaptive thresholding. (a) shows the original image. (b)
shows the result of generating a threshold from the global adaptive values. (c) shows
the result of generating a threshold value from the image itself and (d) shows the result
of the hybrid approach
FT (i, j) =

0.6PAT + 0.4GAT, if 1− PATGAT >= 0.1
0.4PAT + 0.6GAT if 1− GATPAT >= 0.1
Where FT is the final threshold, PAT is the personal adaptive threshold and GAT is
the global adaptive threshold.
3.4 Tooth Separation
3.4.1 Integral Projection
In order to separate the mask obtained from the previous stage, an integral projection
method was implemented. The basis of integral projection is to analyze the pixel inten-
sities across an image and detect regions of darker pixels. When the integral projection
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method was applied to the masks, the zero pixel regions that were removed during the
previous stage were depicted as valleys as seen in Figure 3.4.
Figure 3.4: An example of vertical integral projection detecting the gaps between the
mask image of the X-ray
Due to the system not knowing if these masks pertained to upper or lower jaw images, all
valleys were accepted at this point. This resulted in the acceptance of valleys depicting
the crest between the root of some teeth as seen in Figure 3.5. This was handled in the
next step of the algorithm.
To determine an initial separation line the centre of each valley was used as a spacing
pixel to allow for the creation of dividing lines. These pixels were grouped into clusters
denoting potential separation points within the image. For this specific dataset, clusters
were determined as any group of blank pixels marked in the integral projection where
there was not a vertical difference between subsequent points greater than 75% of the
vertical height of the image nor a horizontal gap between subsequent points greater than
3.5% of the width of the image. Clusters were defined as any group of 40 or more pixels.
Figure 3.5: Examples of where valley detection incorrectly identified the crest between
molar roots as a gap
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3.4.2 Line Selection
Separation lines were calculated using the gap clusters as training points for a linear
regression model. Two variations of the simple linear regression algorithm were used.
The first algorithm was the standard formula defined as follows:
β̂ =
∑n
i=1 (xi − x̄) (yi − ȳ)∑n























α̂ = ȳ − β̂x̄. (3.8)
Where n denotes the number of points, β denotes the gradient of the slope and α denotes
the y-intercept.
The second formula was a weighted linear regression model which proved effective in
generating a correct separating line in cases where cluster distribution was favoured in
one direction. If there was an equal distribution of points around the median then the
simple linear regression model was used. If the distribution of points was greater or less
than the median then the value of n in the above equation was calculated to be half the
total number of points.
In order to determine the best separation lines, the algorithm proposed in [34] was
used as a starting point. The proposed algorithm works primarily due to the nature
of panoramic X-rays, where all teeth are in view and as such it is able to use the
uniform nature of teeth sizing to determine spacing. Due to the nature of the X-rays
being analyzed in this dissertation, such an approach would not work if used verbatim.
Despite this, by combining the rotation algorithms used in [29] and [33] with an altered
probability model of [34], it is possible to develop a combination of a rotational and
probabilistic algorithm for segmenting the dataset outlined above.
Initial lines obtained from this step separate each tooth by a rough estimation of the
gap angle. In order to determine the best angle of rotation, a non-greedy selection
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algorithm was implemented. Using the centre point of the gap as a rotation point,
the separation line underwent a rotation between -20 to 20 degrees in increments of 0.25
degrees generating 160 iterations of potential segmentation line candidates. The original
line obtained by a rotation of 0 degrees acts as a benchmark to judge the improvement
of each rotational step. A multi-check acceptance algorithm was used to determine
the line of best fit using the number of teeth pixels intersected and their ratio to the
total line length as a basis for acceptance. Let P refer to the number of teeth pixels
hit by a separation line, where the best refers to the minimum number of points hit.
The horizontal distance covered by the line in pixels is represented by D. w is a width
constant, in this case defined as 0.3 and c is a constant defined as 0.9. Let the total length
of the line be represented by L and finally, let the percentage of teeth pixels intersected
by the line relative to the line itself be represented by H. Using these symbols, the
process for line selection is outlined in Algorithm 1.
Algorithm 1 Selection of best separation line for image segmentation
1: if Pcurrent < Pbest & Dnew < w * image width then
2: angle = a
3: else if Pcurrent = Pbest then
4: if Dnew < Dold then
5: angle = a
6: else if Dnew > Dold then
7: if Dnew < c * Dold & Lnew > Lold then
8: angle = a
9: else if Pcurrent > Pbest then
10: if Dnew < Dold & Hold > Hnew then
11: angle = a
12: else if Dnew < Dold & Hold 6= 0 & Hnew <= 0.1 then
13: angle = a
The primary check done by this algorithm is to determine if segmentation lines with
fewer intersection points are not bypassing the gap between teeth as seen in Figure
3.6. For segmentation lines where the number of intersection points is equal to, or
greater than, a previously determined optimal line, a new set of acceptance criteria
were introduced. Based on the probability formula implemented in [33], vertical lines
have a higher probability of generating successful segmentation results. The weighting
system judged potential line candidates by using slope gradient and intersection point
percentage relative to the total separation line. The probability of a line being the best
segmentation line was determined by
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P = |nWT +
WI
IPdeep
− J | (3.9)
Where P is the probability of the line being correct, n is the number of already segmented
teeth, WT is the assumed width of the previous teeth, WI is the width of the image,
IP are the number of integral projection points representing gaps between the teeth
and J is the projected point of the segmentation line. The desire of the algorithm was
to minimize the value of P where P actually represents the probability of a line being
incorrect. Lines which fall on the projected segmentation value have a P rating of 0
meaning there is close to 0 probability of it being incorrect. As segmentation lines move
away from the projected point the value of P increases resulting in unfavourable selection
chances.
In order to accept separation lines for impacted or extremely close adjacent teeth, a
second algorithm was used. If more than 60% of the separation line intersected with
teeth pixels then the line was discarded and the gap was regarded as a space between
molar roots. Figure 3.7 shows how this rectifies the issue caused by the acceptance of
these gaps shown in Figure 3.5.
Figure 3.6: An example of where the separation line attempts to bybass the gap
between teeth in favour of a line with fewer intersection points
Figure 3.7: Examples of how the crest detection algorithm correctly removed the
separation lines for the images in 3.5
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3.5 Conclusion
In this chapter the implementation of a segmentation method has been discussed. Due
to the thresholding approach being selected the pre-processing methods implemented to
ensure accurate segmentation were also discussed. In order to deal with the nature of the
X-rays being processed a hybrid method for generating the initial threshold values was
introduced. Furthermore, a new acceptance algorithm has been proposed for separation
line acceptance which uses the valleys of the integral projection to generate a probability
acceptance formula.
In the next chapter a boundary detection method using the results of this section is
presented. The various steps involved with isolating the search region for caries identi-




In order to properly assess the presence of caries, the boundary of each tooth needs to
be analyzed. Results obtained from the previous stage of the proposed diagnostic model
consist of segmented images of individual teeth. As was shown in the previous chapter,
although the X-rays were correctly segmented and attempts were made to reduce the
amount of background pixels present, there are still non-tooth pixels present in these
images. At this stage the tooth pixels which are present relate only to a single tooth
so no further cleanup is required to isolate each tooth. The presence of these non-
tooth pixels affects the boundary detection algorithms as the exact contour of the tooth
is unknown. Furthermore, once the boundary has been determined, the search space
needs to be minimized so as not to process points closer to the centre of the tooth where
the contrast is darker.
In this chapter the implementation of a pre-processing technique to remove the non-tooth
pixels is covered in Section 4.2. The implementation of an active contour method for
boundary detection is proposed in Section 4.3 along with examples of its effectiveness.
Finally, Section 4.4 discusses the implementation of two different algorithms used to
minimize the search space and their relative effectivness.
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4.2 Top and Bottom Hat Transformations
As evidenced from the previous results, a cleanup of the segmented images is needed
in order to remove any non-tooth pixels which may affect boundary detection. A top
and bottom hat transformation was proposed in [16] as a possible solution to this prob-
lem. Due to the similarity of the images obtained from the previous stage and those
in [16], this method was adopted. In order to increase the contrast of the image, thus
isolating the brighter areas of the image where dental matter is located, a composite
transformation was used as follows:
Ioutput = (IOriginal + TH)−BH (4.1)
Where Ioutput is the desired output image, IOriginal is the original image obtained from
the previous segmentation process, TH is the top hat transformation applied to the
original image and BH is the bottom hat transformation applied to the original image.
The output was obtained through the addition and subtraction of pixel values obtained
from these transformations. Any negative value was set to 0 and any number exceeding
255 was set to 255 in order to maintain the grayscale nature of the X-ray. In Oliveira’s
original proposal, the above algorithm was applied again on the initial output image.
When this same approach was applied to the dataset used in this dissertation the degree
of image loss proved too substantial to continue image analysis. This image loss was
due to the contrast difference of the two datasets, where paler images require the second
pass in order to ensure correct cleanup. Additional testing revealed that any images of
poor quality, regardless of contrast, suffered definition loss when a two pass method is
used. The use of a single pass method more closely resembles that proposed by [35],
which was used during their segmentation stage.
Figure 4.1 demonstrates the application of this transformation where the removal of
background pixels can be clearly seen. In addition to the removal of background pix-
els, the implementation of this transformation accentuates any caries by increasing the
image’s contrast.
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(a)
(b)
Figure 4.1: Examples of the top and bottom hat image transformations. (a) shows
the images after their separation in the previous chapter. (b) shows the images after
the transformation
4.3 Boundary Detection
Before caries detection can occur, the boundary of the tooth needs to be defined. By
this stage most of the non-tooth pixels had been cleared but the inability of performing
a second pass of the image transformation meant that residual background elements
existed in images where the tooth had a low contrast difference. In order to remove these
remaining elements and prepare the image for boundary detection with an active contour
implementation, a binary filter was applied to each image. The threshold value for the
binary filter was determined to yield best results when set to a the low percentile intensity
value, thus removing 80-90% of all remaining background elements. Experimentation
indicated that the best results were obtained when the threshold was set to ignore all
pixels falling under the 15th percentile.
As a result of implementing a binary filter in this manner, a simple edge detector could
not be used. Due to the effects of the top and bottom hat transformation, narrow teeth
such as those depicted in Figure 4.2 suffered degradation of their connecting pixels due
to the darker contrast of the dental pulp located in their centre. The implementation
of active contours proved to negate this problem. Following the formula outlined in
Equation (2.2), a snake contour model was implemented on the binary image. The
internal energy component of the snake model is responsible for ensuring a continuous
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curve is obtained. An expansion of the internal energy formula shows the elasticity and
curvature components. By isolating the elasticity portion of the formula and isolating
the α value, it can be seen that by setting an appropriate α value it is possible to limit
the elasticity of the curve . The following formula demonstrates how this component is
derived and how a sufficiently high α value negates the impact of the distance between








((xi+1 − xi)2 + (yi+1 − yi)2 − d)2, (4.3)
where vi = (xi, yi) (4.4)
Where d is the average distance between pairs of points on the curve.
A high value for α was used to disregard the space between the binary thresholded
segments, with a value of 3 being used for this dataset. To compensate for the snake’s
reduced ability to shrink as a result of this elasticity restriction, the initial search space
was set to an elliptical region 1.5 times the height and width of the binary sections. This
approach negatively impacts the curvature of points around the roots of molar teeth as
seen in Figure 4.3(a) however the search space refinement method described in the next
section negates this problem. Figure 4.3(b) demonstrates the effectiveness of the method
at isolating boundaries on non-molar teeth.
(a) (b)
Figure 4.2: Examples of image degradation due to image transformations and binary
thresholding. (a) shows the images after their top and bottom hat transformations. (b)
shows the images after the binary threshold
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(a)
(b)
Figure 4.3: Examples of boundary detection using active contours. (a) shows images
of molar teeth where the curvature of the boundary around the root is not perfect. (b)
shows images of boundaries detected on other teeth
4.4 Search Space Refinement
4.4.1 Centre Elimination
When the images from the previous step were initially analyzed, a high false positive rate
was encountered. This occurred when the caries detection algorithm started to analyze
regions of the tooth close to the dental pulp where the contrast of the image is darker.
In order to avoid these false positives, only pixels along the outer region of the tooth,
nearest the boundary obtained from the active contour method, could be analyzed.
A method was investigated which focused on eliminating the centre of the tooth as a
search region in order to avoid these false positives. To eliminate the correct regions, the
orientation of the tooth needed to be determined. This was done so that potential caries
along the crown of the tooth could be assessed and points along the neck and root region
could be disregarded. The orientation was determined by analyzing the shape of the
boundary region defined previously. A closing function on the boundary of the tooth was
performed to calculate solid distance, the widest side of the boundary, where the width
was determined by the number of adjacent pixels ignoring zero pixels, was assumed to
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be the crown of the tooth. For teeth where a gap was present when this distance was
calculated, this region was assumed to be the root section of molar teeth. Using this
information, a centre area was defined for exclusion in the detection algorithm. Testing
determined that this area yielded best results when defined as being 20% of the width
and 60% of the height of the tooth. Initially this proved effective in images where the
orientation of the tooth was near vertical, however in angled teeth, or teeth that were
partially cut off by the end of the slide, the centre was often misaligned as seen in Figure
4.4. In images where this occurred the problem of false positives was not diminished as
seen in 4.4(b) where the correct search space was not identified.
(a) (b)
Figure 4.4: Examples of the centre elimination method. (a) shows examples of where
this method correctly identifies the centre region of each tooth. (b) shows examples of
where the centre region is defined incorrectly or results in known caries to be excluded
4.4.2 Boundary Dilation
Instead of using the centre as a reference point for boundary refinement, a second method
was developed which aimed to rectify the problems of the first. This proposed method
defines the search region by using the edge of the tooth as a reference point and thus
is unaffected by tooth alignment. A dilation filter was applied to the boundary of the
tooth, such that only dilation towards the centre of the tooth was obtained. The search
region was confined to assess pixels adjacent to the outer boundary. In order to avoid
the dental pulp the search region needed to be defined to only extend a certain depth.
Experimentation showed that pixels varying between a depth of 10-15% from the edge of
the boundary did not suffer from the same false positive rates as when the whole tooth
was analyzed. This depth was dependent on the tooth, with smaller teeth requiring the
depth of 10% and larger teeth obtaining favourable results with an analytical depth of
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15%. In order to determine this percentage, the height and width of the tooth were used
as a scaling metric defined by
Dilation = 8 + 7(w/h) (4.5)
Where w is the width of the tooth and h is the height of the tooth. If the dilation value
exceeded 15% in horizontal teeth, which occurred when impacted teeth were analyzed,
the value was capped to 15%. Figure 4.5 shows how this method achieves a better success
rate at avoiding points along the inner region of a tooth whilst not missing points along
the edge. In order to determine tooth orientation, the method proposed in the previous
centre elimination method was implemented.
Figure 4.5: Examples of the boundary dilation method for search space refinement.
4.5 Conclusion
In this chapter, the implementation of a boundary detection method and search refine-
ment method were discussed. The proposed adaptations to the top and bottom hat
transformations in this chapter allowed for the removal of background structures, while
providing a contrast enhancement to aid the caries detection algorithm which is proposed
in the next chapter. The method used for boundary detection utilized an active contour
model to determine the edges of the segmented teeth. This model was constrained by
limiting the elasticity component of the algorithm in order to compensate for incomplete
threshold values. Finally, two methods were proposed in order to refine the search space
for the next process. Although the centre elimination method did yield some positive
results as was demonstrated, ultimately the boundary dilation method achieved a higher
success rate.
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The next chapter will present a caries detection method to be used on the search space





In order to diagnose the presence of caries, the potential regions of interest must be
defined. Once these regions are established, the diagnostic method can evaluate whether
the region is of concern. This chapter introduces both the edge detector used to locate
potential caries, as well as the novel method for diagnosing if caries are present in those
regions. The algorithms for edge detection, caries region of interest highlighting and
caries assessment are discussed.
Section 5.2 presents the blob detection algorithm used to obtain an initial position of
suspected caries regions. Section 5.3.1 explains how the search space is extended to allow
for image analysis techniques to provide an alternative to supervised learning models,
whilst Section 6.5 covers the proposed diagnostic method and its implementation.
5.2 Blob Detection
The search space defined by the previous method represents the region where detectable
caries can be located. The implementation of a blob detector allows for the detection
of regions where dental caries may be present. Due to the high contrast of the image
at this stage of the process due to the top hat transformation performed earlier, caries
appear as substantially darker regions compared to the tooth matter. This favours blob
detection algorithms, owing to their ability to locate local maxima. In order to obtain a
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region of interest which was not affected by scale due to the varying sizes of the teeth,
the blob detection model proposed by Lindeberg [46] was implemented. This model
uses a Laplacian of the Gaussian approach to detect darker regions, which is defined as
a convolution kernel of the form
LoG =





Where σ is the width of the kernel. This was approximated to a 5x5 kernel for the
purposes of implementation defined as
LoG =

0 0 1 0 0
0 1 2 1 0
1 2 −16 2 1
0 1 2 1 0
0 0 1 0 0

Any regions of sufficiently darker contrast were highlighted by the blob detector as seen
in Figure 5.1. The darker pixels in these regions were then isolated into clusters using a
connectivity kernel described in Figure 5.2. The use of a 4 way kernel resulted in some
loss of definition around the edges of the caries clusters which negatively impacted the
diagnostic method, therefore the 8 way kernel was implemented. Figure 6.7(b) shows
the clusters obtained using the connectivity kernel.
Figure 5.1: Examples of images displaying potential caries sites highlighted by the
blob detector
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Figure 5.3: Examples of the caries clusters obtained from the connectivity cluster
kernel (a) shows the clusters on the X-rays. (b) shows the isolated clusters
5.3 Caries Analysis
5.3.1 Region of Interest Generation
In order to diagnose whether dental caries were present using a non-supervised approach,
standard dentistry analysis techniques needed to be implemented. The depth of the
search region was already known relative to the tooth, falling between 10-15% of the
overall width. Average tooth sizes defined in [47] approximate teeth to range between
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7.5-9.0mm in width. As the images being processed are not panoramic X-rays, the exact
tooth being analyzed was unknown as there is no way to predict distribution. In order
to approximate the width, the following formula was proposed:
W = Tmax− Tvariance(Pmax − Pcalculated)
Pvariance
(5.2)
Where W is the estimated width, T is the width of the tooth and P is the percentage
depth of the search space, determined to be 10-15% in the previous chapter. Tvariance is
obtained by calculating the difference of the maximum and minimum tooth width values
and is determined to be 1.5. The value for Pvariance was calculated to be 5 following
the same process. This formula was derived based on the probability that teeth which
require smaller analysis regions represent the narrower spectrum of teeth, whereas teeth
with wider search regions represent the wider spectrum.
In order to obtain optimal diagnostic results, the current images, which still depicted the
top and bottom hat transformations, were unsuitable due to the pixel loss. To rectify
this, a normalized image of the tooth being processed was generated using the original
X-ray. This enhanced the contrast to assist the diagnostic algorithm but did not reduce
the amount of detail in the image. This was done due to caries detection being optimized
in high contrast images where the contrast is neither too light, or too dark as outlined
in [48]. The potential caries clusters on the high contrast images were used to denote
the location of potential caries on the normalized image.
5.3.2 Cluster Analysis
To determine whether a cluster of pixels fit the criteria for caries classification, several
acceptance factors were calculated. Firstly, a threshold value was obtained by calculating
the mean pixel value of the cluster region. Next, a second threshold value was obtained
by calculating the mean pixel intensity of the area surrounding the suspected caries
region. Due to caries originating in the enamel of the tooth the search space was best
constrained to this region as the dentin appeared darker in X-rays. Enamel thickness
varies from 0.87-1.45mm [49], thus the search space was obtained by creating an elliptical
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region centred along the perpendicular of the cluster with width equal to double its height
and height defined by:




Where H is the height of the ellipsis, E is the width of the enamel and T is the width
of the tooth. Evariance is obtained by calculating the difference of the maximum and
minimum enamel width values and was determined to be 0.58.
This confined the mean threshold generation to only neighbouring pixels within the
enamel region. At this stage the two values were compared to determine whether there
was significant variance between the two regions to facilitate further analysis. If the
cluster was less than 5% darker than the surrounding area the cluster was discarded
and no caries were identified. If the cluster region had a mean more than 15% darker
than the surrounding area the cluster was identified as a caries region. If the cluster
mean was between 5-15% darker, the algorithm proceeded to determine if the cluster
represented a darkening of the X-ray itself or a section of early caries development. A
Sobel operator with a kernel size of 3 was applied to the elliptical region in order to
detect significant gradient changes within the region. By limiting the kernel size to the
minimum possible, it was possible to apply the operator to any sized region of interest.
In order to deal with the inaccuracies inherent to 3x3 Sobel kernels, the Scharr function












These kernels were applied to all pixels within the analysis region, resulting in the
transformation of
G = |Gx|+ |Gy| (5.4)
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Where G is the value of the new pixel. If no edges are detected using this algorithm, it
implies that there are no regions of significant pixel intensity change within the search
region. As such, the cluster is regarded as a darkening of the X-ray which was initially
flagged due to the exacerbated contrast brought on by the top and bottom hat trans-
formations. If, however, an edge is detected this represents a region of pixel intensity
change not in line with the surrounding area. As such these areas are denoted as caries.
5.4 Conclusion
In this chapter the proposed caries diagnostic algorithm was discussed. The main com-
plication of the method is the definition of the search space, which was isolated by the
combined use of a blob detector and connectivity clustering model, as well as the pre-
ceeding methods outlined in this dissertation. The final evaluation region of the area
surrounding the caries cluster is determined using the proposed methods for determin-
ing tooth width and enamel thickness. Finally a sobel filter, implementing a Scharr
function, was utilized to determine the presence of caries.
The next chapter will discuss the results of both the segmentation method and the




In order to evaluate the performance of the overall method proposed in this dissertation,
the individual success rates of the segmentation process and the caries diagnosis process
need to be analyzed. Furthermore, it is important to understand the nature of the
dataset which is analyzed to achieve these results.
Results pertaining to the different dental segmentation methods are readily available,
therefore a comparison of the proposed method and its various algorithms, both adapted
and novel, against existing segmentation methods were easy to obtain. In order to
determine the performance of the caries diagnostic algorithm, comparisons needed to be
made against the correct detection rate of both existing systems and dentists’ ability to
diagnose caries. Unlike the segmentation method evaluation, the ability to determine
the failure rate of the diagnostic method relies on the ability of existing methods to
detect caries. As such, the algorithm’s performance was judged by its ability to locate
known caries and any predictions it made with regards to caries which had not been
previously identified were considered as false positives.
In this chapter information pertaining to the dataset [51] is presented in Section 6.2.
This will cover any properties which may negatively impact the caries prediction rate and
explain why they are present. Section 6.3 will outline the proposed detection framework
described in the previous chapters. Section 6.4 will evaluate the segmentation results
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and discuss how they compare to existing research. Finally, Section 6.5 will discuss the
results and comparative effectiveness of the caries identification method.
6.2 Dataset
6.2.1 X-Ray Errors and Artifacts
There are many different errors and anomalies which can affect dental X-rays. Radio-
graphic errors refers to errors in the final X-ray due to incorrect human input whilst
artifacts refers to any structures in a radiograph which should not be present under nor-
mal circumstances. Radiographic errors can occur either due to technical errors which
occur during the capture process, or they can be errors that occur during the processing
phase. Similarly, artifacts can occur as a result of errors during the processing phase
and can be a result of improper handling of the film packet used to obtain the X-ray.
Below are the details of the errors and artifacts relevant to the dataset.
6.2.1.1 Missing Crown
This error can also refer to partial teeth being present. This occurs when the film is
incorrectly placed during the X-ray process resulting in the area of interest not being
shown as seen in Figure 6.1. This is problematic during the diagnostic process as incor-
rect boundary depths are assumed and potential caries are missed as they are not in the
X-ray.
Figure 6.1: Example of dental X-ray with missing crown
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6.2.1.2 PID Alignment Artifact
Position-indicating device alignment artifacts occur when the PID is improperly aligned,
thus causing the film to be incompletely exposed to the radiation beam. This results in
a partial image on the X-ray, referred to as a cone-cut. An example of this can be seen
in Figure 6.2
Figure 6.2: Example of a PID alignment artifact
6.2.1.3 Exposure Errors
There are two possible exposure errors, both of which affect the ability to analyze X-
ray images. Underexposed film is pale and the teeth in the image appear translucent.
If this occurs there may be an issue with the milliamp seconds (mAs), which affects
the darkness of the X-ray, the kilovolt peak, which affects the contrast of the image, the
exposure time, the size of the patient or the patient’s distance from the PID. The general
solution to this is to increase the mAs. If the X-ray appears dark it has an overexposed
film. This is fixed by simply reducing the mAs. Figure 6.3 shows the difference between
these two errors.
(a) (b)
Figure 6.3: An example of the different exposure rate errors. (a) shows an image
with an underexposed film. (b) shows an image with an overexposed film
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6.2.2 The Dataset
The data set used for testing was comprised of 115 periodontal X-ray images, 748 pixels
in width and 512 pixels in height. The gray levels for each image were on the [0, 255]
scale. The testing images represented a diverse selection of teeth including molars,
canines, incisors and wisdom teeth. In addition to the various errors and artifacts
described above, many situations commonly found in dental X-rays were present, such
as fillings, missing teeth and impacted teeth. Figure 6.4 highlights some of these different
scenarios present in the testing set. Table 6.1 gives a synopsis of the composition of the
dataset.
Table 6.1: Dataset
Upper Jaw Lower Jaw
Total number of images 37 78
Total number of teeth 141 239
PID alignment artifacts 3 20
Underexposed films 0 1
Overexposed films 3 0
Number of fillings 43 57
(a) (b)
(c)
Figure 6.4: Examples of the different types of X-rays in the dataset. (a). shows an
X-ray with an impacted wisdom tooth. (b). shows an X-ray with a missing tooth. (c).
shows an X-ray where the contrast darkens across the image.
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6.3 Caries Detection Framework
In order to process the dataset, a five stage detection framework was proposed as the
best way of handling the X-ray images. The individual stages have been discussed in
depth in the previous chapters but the overview is as follows:
• Pre-Processing
• Teeth Segmentation
• Tooth Boundary Detection
• Dental Caries Feature Extraction
• Dental Caries Classification
Figure 6.5 shows an overview of how these steps relate to each other and details the
processes involved at each stage of the framework.
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(a)
Figure 6.5: Overview of the caries detection framework.
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6.4 Segmentation Results
Results relating to the success rate of segmentation methods covered in current research
are presented in two ways. The first approach is to separate the performance rates of the
upper and lower jaw results and assess them individually. This provides information as
to how well the algorithm performed on the different jaw regions. The second approach
is that the two regions are grouped, thus using an average of the two rates to represent
the algorithms’ success as a whole. For the purpose of this dissertation, the results will
be compared on an individual jaw region where possible. Table 6.2 shows the results of
the segmentation process.
Table 6.2: Segmentation Results
Upper Jaw Lower Jaw
Total number of teeth in 114 images 141 239
Number of correctly separated teeth 120 216
Correctly separated teeth (%) 85 90
Teeth are considered correctly separated if the separation line did not cause partial
separation or division of the teeth. Teeth which were already partial as a result of
being at the edge of the X-ray are considered correctly separated if no further partiality
was caused. Teeth which were not correctly segmented were either caused as a result
of extremely poor contrast, where the enhancement techniques could not establish a
distinction between teeth and non-teeth structures, or due to impacted teeth.
A regional comparison of the results against those obtained by Nomir and Abdel-
Mottaleb is presented in Table 6.3. This comparison is made as the algorithms presented
in [29] were either wholly or partially adapted for the proposed segmentation method.
Table 6.3: Region Specific Segmentation Results Comparison
Upper Jaw Lower Jaw
Oliveira [16] 72% 72%
Nomir and Abdel-Mottaleb [29] 84% 81%
Proposed approach 85% 90%
It should be noted that, with a combination of the adapted and novel algorithms, the
segmentation results improved. Table 6.4 provides a comparison of the proposed method
to other implementations of the segmentation process described in [28].
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Table 6.4: Overall Segmentation Results Comparison
Accuracy (%) Implementation
Nomir and Abdel-Mottaleb [29] 82.5 Thresholding
Said et al. [52] 83 Thresholding
Shah et al. [38] 58.1 Active contour
Phong-Dinh et al. [28] 77.23 Thresholding and integral projection
Oliveira [16] 71.91 Active contour without edge
Lai and Lin [53] 83 Region growing
Proposed approach 87.5 Thresholding and integral projection
These results indicate that the method proposed in this dissertation offers a noticeable
improvement on existing models. Furthermore, it indicates the diagnostic algorithm
received the greatest quantity of correctly segmented images for evaluation. Figure 6.6
shows some examples of the segmentation results.
Figure 6.6: Examples of segmentation results across the dataset
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Table 6.5: Caries Identification Results
Upper Jaw Lower Jaw
Total number of caries in the ground truth 28 41
Number of correctly identified teeth 26 29
Correctly identified teeth (%) 93 81
6.5 Caries Detection Results
A collection of ground truth data was used to evaluate the success rate of the detection
method. The data contained markers for the location of identified caries, as well as
the locations of false positive regions. The false positive regions are defined as locations
along the boundary of each tooth where caries are incorrectly identified. This occurs due
to a misinterpretation of the region, either due to the contrast of the X-ray, or because
a partial set of caries identifiers were present which led to the algorithm interpreting the
results as a caries location. Table 6.5 shows the caries detection algorithm’s success rate
of identifying the caries locations in the ground truth, while 6.7 shows some examples
of the results obtained by detection algorithm in relation to the ground truth.
Table 6.6: Caries Identification Results Breakdown
Upper Jaw Lower Jaw
Number of correctly classified teeth 136 220
Number of false positives 3 7
Number of missed caries 2 12
Correctly categorized teeth (%) 96 92
False positives (%) 2 3
Missed caries (%) 2 5
The ground truth data did not contain all possible caries locations in the dataset. In
order to further investigate the results of the detection algorithm Table 6.6 provides
a more in-depth breakdown of the regions identified as caries. Figure 6.7 represents a
situation where the ground truth only has false positive markers for teeth where caries
are present.
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(a) (b)
(c)
Figure 6.7: Examples of the results obtained by the detection algorithm and the
comparison with the ground truth. (a). the original image. (b). the segmented image
with detected caries. (c). the ground truth data
To determine whether these rates fall within acceptable limits, a comparison was done
against the different diagnostic methods available. These comprised of caries detection
performed by dentists using the Logicon Caries Detector system, as discussed by Tracy
et al. [24], unassisted caries diagnosis by dentists, as discussed by Dykstra [25], and
caries detection preformed by a supervised learning model, using the method proposed
by Oliveira [16]. The results of this comparison can be seen in Table 6.7.
Table 6.7: Caries Identification Results Comparison
Correctly False positives (%) Missed caries (%)
categorized (%)
Tracy [24] 94 - 6
Dykstra [25] 60 20 20
Oliveira [16] 98 - 2
Valizadeh et al. [54] 90 - 10
Proposed approach 96 2 2
Despite Oliveira’s classification rate being marginally higher than that obtained by the
method proposed in this dissertation, the results of the proposed system fall within an
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acceptable range for a novel approach. Furthermore, the diagnostic accuracy of the
proposed method achieves better results than existing detection software and performs
even better when compared to un-assisted caries diagnosis. The slight loss of perfor-
mance accuracy can be attributed to the differences in the databases analyzed, where
the results in [16] are representative of a detection algorithm being used on a database
of panoramic X-rays.
6.6 Conclusion
In this chapter the dataset, the caries detection framework and the results obtained
from that framework were discussed. Due to the dataset being comprised of non-perfect
images, the various nuances associated with the dataset were expanded upon in order to
provide a better understanding of the images being processed. In order to understand
how all the previous processes combined to reach the final results, the caries detection
framework was discussed in its entirety. Once this information had been established, it
was possible to present the results obtained from the framework and see how they com-
pared to existing models. The results showed that the proposed framework performed
favourably, with results exceeding those of established methods.
The next chapter will look at the implication of the results discussed in this chapter as
well as draw more in depth conclusions as to what the results mean. It will also look to
future work which can be done to enhance the caries diagnosis framework described in
this chapter.
Chapter 7
Conclusion and Future Work
7.1 Conclusion
There is a large degree of untapped potential when it comes to CAD systems dealing with
dental radiographs. This is especially true for systems focusing on caries detection. Much
of the research done with regards to dental radiographs deals with the segmentation of
images and to a lesser degree, human recognition through dental profile matching. Due
to the reluctance of healthcare professionals to use dental CAD systems because of their
high false positive rates, little research has been done into improving existing systems
and researching new ones. The problems relating to these existing systems need to be
fixed in order to advance this field of research and promote the use of CAD systems as
a viable means to treat patients.
Caries detection through implementation of an unsupervised model is one approach to
fixing the problems with existing systems. The issue arises due to the way current
diagnostic models handle data to reach a diagnosis. The reliance of these systems to
determine the presence of caries through use of a database, which is comprised of caries
identifier hallmarks, results in systems that are tied to their training data. As a result,
should these systems encounter scenarios where partial conditions are met, the diagnostic
algorithms err on the side of caution and determine the investigated regions contain
caries, often leading to false positives. The use of image analysis techniques to determine
the presence of caries aims to create a system that takes a human diagnostic approach,
whereby the caries are diagnosed based on visual interpretation of the teeth.
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In this research work, an unsupervised learning model for a caries detection was pro-
posed. The model is implemented using a segmentation method to separate the X-rays
into individual teeth, a boundary detection method to determine the edges of the teeth
for caries analysis and finally a diagnostic algorithm that assesses the boundary using
image analysis techniques.
The segmentation method was implemented via adaptations to existing algorithms in
order to obtain the threshold images for integral projection, as well as novel algorithms
which were formed by a combination of adapted algorithms. The boundary detection was
handled by a combination of top and bottom hat transformations, a binary threshold and
an active contour model. Finally, the diagnostic method was handled by blob detection
and Sobel kernels.
When the proposed segmentation method was compared against existing models the
results proved favourable. The new method showed a 5% improvement over the original
on which it was initially based. Furthermore, it was 4.5% more accurate than the best
method in the comparisons. This is because the proposed method combined aspects
of integral projection with rotation with probability functions in order to determine
separation lines. This meant that in cases where sub-optimal integral projection lines
provided better separation, the weighting component of the probability function ensured
the best lines were selected.
The caries detection algorithm was able to obtain favourable results compared to other
detection models, with a correct diagnosis rate of 96%. Furthermore, it achieved these
results by using a diagnostic model which is less likely to be affected by X-ray variance
over a large number of test cases.
It can therefore be concluded that the proposed framework described in this dissertation
provides a new approach to both the problems of tooth segmentation and caries detec-
tion. The proposed segmentation method offers a more robust method for determining
segmentation lines which in turn assists with both supervised and unsupervised learning
models as there is a higher likelihood of correctly separated teeth being processed. The
success rate of the proposed caries detection algorithm provides a potential avenue for
future research using unsupervised models. This will allow for the diagnosis of potential
caries to occur without interference from a learning set, thus leading to better results.
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7.2 Future Work
The proposed caries detection model uses image analysis to determine the presence of
caries in X-ray images and, as such, the final results depend heavily on the quality of
the image by the time it reaches the diagnostic method. Optimization of the model
at several key processes, including the detection method itself, could improve the final
result and future work will look at how to implement these optimizations.
The proposed method is strongly tied to achieving segmentation from a threshold im-
plementation. The dataset that was used was relatively noise free, thus minimal pre-
processing needed to be implemented for noise removal. Future work on the model will
look at the implementation of additional noise removal filters in order to maintain the
accuracy of the segmentation process should noisy images be introduced to the test set.
The second point of optimization is to refine the integral projection method so that only
gaps between teeth are considered when creating separation lines. Although algorithms
are implemented which determine if a line is attempting to segment the image through a
molar tooth, this calculation is only performed after the best line has been determined.
Furthermore, in some instances incorrect tooth segmentation occurs when the algorithm
does not remove these lines. Future work will look at identifying these gaps as the space
between molar roots prior to line generation. This will reduce computation time and
improve segmentation results.
The third aspect that can be optimized is the top and bottom hat transformation that
is performed in order to implement boundary detection. A single pass transformation
leaves some non-pixel elements in the image which needs to be removed with a binary
threshold, potentially causing some unwanted image degradation. A two pass transfor-
mation results in almost complete pixel degradation of some of the teeth. Future work
will look at the possibility of either implementing a half step algorithm to remove the
remaining non-tooth pixels, or the implementation of an entirely new method for pixel
cleanup.
Finally, the caries detection algorithm uses the predicted size of the tooth to define
its analysis space for image analysis. This is dependent on the projected depth of the
enamel using average thickness values. As a result, the search regions are not always
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perfectly defined which results in reduced accuracy. Future work will look a new way of
determining this search space that is unaffected by estimated sizes and thickness.
In addition to these optimizations, future work will look at expanding the system’s
ability to diagnose different images. Currently the proposed model has been used to
only test bitewing X-rays from the same dataset, however there is scope to expand this.
This will initially be achieved by testing new bitewing X-rays from different datasets,
however it will eventually be expanded to test a variety of different X-ray types.
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